Embodied Evolution (EE) is an evolutionary strategy based on natural evolution in which the individuals that make up the population are embodied and situated in an environment where they interact in a local, decentralized and asynchronous fashion. It has been successfully applied in collective problems showing its validity to perform on-line evolution both in simulated and real agents. A key feature of EE is that of emergent specialization, that is, this strategy is able to autonomously generate a distribution of individuals into species if that is advantageous in the scenario. This paper goes in the line of studying such feature in more depth, analyzing how the complexity of the task (fitness landscape) and the complexity of the individuals (control system) affect the emergence of specialization. The analysis is carried out using a canonical EE algorithm in a real problem consisting in a collective surveillance task with simulated Micro Aerial Vehicles.
Introduction
As research has advanced in the field of evolutionary optimization, new approaches and techniques have allowed researchers to address even more complex problems. In this sense, a remarkable challenge is that of solving real-world dynamic problems in the absence of centralized and updated information. This type of problem appears in tasks like routing, surveillance, resource assignment, etc.
Some of the most successful approaches in this line are based on multi-agent systems that exploit the coordination between the agents to provide a collective solution to the problem (Hanna, 2009) (Rinde, 2012) . This way, each agent is assumed to have decentralized and out-of-date information and, with it, it must handle its small part of the problem in real-time. The effort of the evolutionary algorithm is on finding a global coordinated solution to the problem as an aggregation of the partial ones, which can be really complex in dynamic environments.
With the aim of dealing with a more flexible and general search process, some authors have included the behavioral specialization of the agents as a new dimension of the collective problem. That is, the agents can be heterogeneous in operation, so specialists can emerge from evolution if they are beneficial for the task. It could seem that this new dimension increases the complexity of the search space, but it has been shown that allowing such flexibility simpler agents can emerge, which leads to a general simplification of the problem. It must be pointed out here that in this type of heterogeneous collective evolution, the solution to the problem is provided by the concurrent execution of the whole population, and not by a replication of the best individual.
The most remarkable evolutionary strategies one can find in heterogeneous collective optimization are Cooperative Coevolution Evolutionary Algorithms (CCEA) (Wiegand, 2003) (Panait, 2010) . In this type of algorithms, the control system of each agent, typically an Artificial Neural Network, is evolved in an independent population, although the fitness of each individual is obtained by their joint execution with their team. Thus, if the solution is made up of n components, a CCEA evolves n populations, each one containing the genotype that will define the response of each component. Specific types of CCEAs like SANE (Gomez, 1997) , Multiagent ESP (Yong, 1999) , CONE (Nitschke, 2012) or Hyb-CCEA (Gomes, 2015) have been widely applied with success in collective optimization of problems. The main problem of CCEAs for solving real-world dynamic problems is that they must run off-line due to their high computational requirements. Although the evolutionary processes can be executed in parallel, they must be serialized for evaluation, which must be performed several times in order to provide enough combinations of genotypes to achieve a reliable evaluation.
An online version of CCEA is the evolutionary strategy known as Embodied Evolution (EE). It was created by Ficici and Watson in 1999, inspired by Artificial Life experiments, with the aim of speeding up online evolution (Ficici, 1999) . The main difference with traditional CCEAs is that evolution is at the population level in EE, that is, each individual only carries its own genotype. Consequently, EE follows a natural evolution scheme in which the individuals that make up the population are embodied and situated in an environment where they interact in a local, decentralized and asynchronous fashion. This interaction is not driven by a preset synchronization mechanism as in traditional evolutionary algorithms, but by the result of the particular behaviors of the active individuals in the environment and their interactions with other active and passive elements within it (Schut, 2009) . Evolution in EE is open-ended, leading to a paradigm that is intrinsically adaptive and highly suitable for real time learning in distributed dynamic problems.
In the last decade, EE interest has grown mainly in the field of multi-robot systems (Bredeche, 2012) (Elfwing, 2011 ) (Eiben, 2010 . As a consequence, different algorithms have arisen, which share the same operational principles but differ in how they implement specific operators. During subsequent years, some of those algorithms were successfully applied to different collective problems (Bredeche, 2012) (Elfwing, 2011) (Prieto, 2010) (Duro, 2011) , which allowed the validation of the paradigm in practical terms, but also the lack of a formal characterization to be considered by researchers in the evolutionary computation field became clear. As a first step towards this standardization of EE, a canonical EE algorithm that isolates its operational principles from those of the particular implementations was presented and thoroughly studied in (Prieto, 2015) .
The current paper follows the line of EE formal characterization. In this case we are interested in analyzing in depth one of the main features of EE: the emergence of specialists (Nitchske, 2008) . As shown in (Prieto, 2015) and (Trueba, 2013) , in EE the optimal number of species emerge as required by the problem. But, what features of the problem determine the emergence of specialists? Can we anticipate the species that will arise or understand the reason why a given organization has emerged? These two questions are very relevant when developing an optimization algorithm. It is obvious that the spatial or temporal separation between individuals promotes specialization because it avoids mating (Trueba, 2013) , but there are several more features. As it is well-known in fields like Complex Systems (Mitchell, 2008) and Ecology (Epstein, 1996) , one of the most relevant factors is the complexity of the environment (Bonabeau, 1997) (Burbeck, 2007) and the complexity of the individuals (Anderson, 2001) (Detrain, 2002 ) that make up the population.
Thus, the question we aim to address here is how complexity affects the emergence of specialists in EE. We have analyzed this problem from two perspectives: varying the complexity of the environment where the agents are situated and varying the complexity of the agent itself, that is, its optimization capability. To carry out this analysis, we have applied the canonical EE algorithm in a collective surveillance task with simulated Micro Aerial Vehicles (MAVs), which is a prototypic example of dynamic and decentralized problem that must be solved in real time.
Canonical Embodied Evolution Algorithm
The canonical EE algorithm is explained with detail in (Prieto, 2015) , and here we will provide just a brief summary of its main parameters and operation. During its development we decided to simplify and extract the barebones specification of a generalized EE algorithm in terms of as few parameters as possible. This generalization has been achieved by substituting the activation of particular operators triggered by events produced in the real problem with probability distributions, which are not task dependent. A second objective in the definition of a canonical EE algorithm was to do away with the bonds the environment imposes on the structure and operation of this type of situated algorithm. The adaptation to the environment determines the type of tasks that are considered tractable. It also makes the algorithm and its behavior even more task dependent, and as a result, it becomes more complicated to extract general conclusions from experiments. Consequently, the circumstantial/spatial interactions have been replaced in the canonical algorithm by stochastic variables, which follow probability functions. The canonical EE pseudo-code is the following: The canonical EE performs three basic processes: evaluation (line 5 in the pseudo-code), mating (lines 6 to 9) and replacement (lines 10 to 12). The processes and parameters that define the algorithm response are:
− Mating selection: it has been modeled as an event that is triggered by a uniform probability function that depends on a single parameter, the probability of mating for every time step (P mating ). This probability can be calculated based on the maximum number of mating one individual can perform, which can be assimilated to a "maximum tournament window size" (S max ), and on the maximum lifetime of an individual (T max ), which is the same for every individual:
− Selection policy: the probability of being eligible as a candidate for mating (P elegibility ) is defined through a function ( -) that is based on three different criteria: the genotypic distance ( /#&0 ), a distance measure between certain status parameters ( /#&0 ) which vary during evaluation time due to both the phenotype of each individual and environmental circumstances (for example, position in a geometric space) and the fitness value ( /#&0 ):
] − Genotypic recombination: as in natural evolution, two main recombination operators can be distinguished: mutation and crossover. In order to characterize this genotypic recombination in a general and simple way, a new intrinsic parameter is defined: the probability of using a local search strategy (P ls ), that is, a mutation operator. It is a measure of the exploration and exploitation balance through the ratio between crossover and mutation frequency. − Replacement: the replacement process is modeled here as triggered by a replacement probability (P replacement ) and it is defined based on a more intuitive and manageable parameter, which is the life expectancy (T exp ):
The life expectancy is defined for each individual in each time step based on its current fitness (Q i ), which depends on its genotype and the genotypes of the others. Specifically, a piecewise function has been defined to assign the life expectancy (T exp ) for any fitness value using a linear model. This function has two pieces, one for individuals with low fitness (Q i < 2/3Q max ) and another for individuals with high fitness (Q i > 2/3Q max ):
Fig. 1. Graphical representation of the function that parameterizes replacement
The use of this function to model replacement allows covering a broad range of different replacement policies, ranging from those with synchronous replacement (T mat = T max and C m = 1) to those with a strongly exploitative operation through elitism (T mat = 1 and C m = 0) by way of any intermediate combination. As it can be observed in figure 1 , the relation between fitness and life expectancy has been modeled by means of four fixed parameters: 1. Maturation time (T mat ): it is defined here as a percentage of T max and it sets the minimum T exp for an individual and, as a consequence it captures the sum of two time periods, the minimum time required to reliably evaluate an individual (1 in our case) and the life-time for those with zero fitness. During the maturation time the individual cannot be replaced. 2. Maximum current fitness (Q max ): since the maximum fitness one individual can achieve for a specific scenario is not known beforehand, this value represents the maximum known fitness so far, and it is used to calculate a relative fitness Qr = Q i /Q max .
3. Mediocrity coefficient (C m ): it establishes the expected lifetime for the individuals with a relative fitness value equal to 2/3 (Q r = Q i /Q max = 2/3) of the maximum current fitness (it can be seen as the expected lifetime of the mediocre individuals). This parameter ranges from 0 (meaning their life expectancy will equate T mat ) to 1 (meaning it will equate T max ). 4. The maximum lifetime (T max ) : it is the maximum number of time steps a chromosome can participate in the evolution. It is assigned to individuals with their fitness equal to the maximum current fitness.
As a summary, six intrinsic parameters and an eligibility function have been defined to encompass and generalize the operation of a general EE algorithm: T max , S max , P ls , Q max , T mat , C m and ψ e . See (Prieto, 2015) for a sensitivity analysis of the canonical EE algorithm.
To apply the canonical EE algorithm to real problems, two operators have to be adapted to the constraints the scenario imposes, and therefore, their dependence on the task is unavoidable: the mating operator, which is constrained by the communication limitations of the scenario and individuals to exchange their genetic codes, and the evaluation operator, which relies on the actual behavior and on the state of the scenario.
Collective Surveillance Task
To analyze how complexity affects the emergence of species using the canonical EE, we have designed a simulated environment in which a fleet of Micro Aerial Vehicles (MAVs) has to collectively survey an indoor scenario where there is not centralized information available. To do it properly, the MAVs need to locate themselves to keep track of their trajectories and to share this information with other robots. The determination of their positions will be performed using their IMU, artificial landmarks that can be sensed using the onboard camera, and the position of other MAVs in sight. The control of each of the MAVs is provided by an Artificial Neural Network (ANN), and the parameters of this ANN will be adjusted using the canonical EE algorithm. Thus, EE is in charge of organizing the MAVs in the scenario in order to increase the accuracy of the fleet location, and consequently, the speed at which a new point of interest is reached.
Experiment description
The experimental setup has been defined in simulation, based on a real indoor gathering task performed by MAVs as a previous step to translate the algorithm or directly the controllers to a fleet of real MAVs. The specific MAV that has been modeled is the Parrot ARDrone 2.0, a very popular general-purpose commercial quadcopter. Indoor navigation is performed then by simulated ARDrones that, as in the case of the real ones, are provided with an IMU and a camera to perform autonomous positioning. The most important aspect of the simulation is the model of the response of the location sensors when a certain maneuver is carried out. Firstly, the IMU will provide some velocity signals for each degree of freedom, which has to be integrated to produce the estimated motion. The estimation of the velocity is modeled as subject to a normal distribution centered on the real input velocity with its corresponding variance matrix as is frequently assumed on real navigation.
The model implemented for the artificial markers represents the use of the AprilTags created by The APRIL Robotics Laboratory at the University of Michigan (Olson, 2011) since it is also what we have used during our tests with the real ARDrones. Therefore, the location estimation provided by the markers is based on a real accuracy model which was produced in our laboratory using an ARDrone 2.0 and 40 cm long AprilTags, and that can be formulated as a function L e which relates the variance of the estimation ( 09A&-) with the relative distance ( 09A&-− $#' ) and orientation ( 09A&-:$#' ) between camera and tag:
These tags (permanent tags) provide an absolute and potentially accurate position estimation, which does not degrade with time. In order to improve the performance of the navigation by improving the accuracy of the MAVs the same type of tags are attached to the body of the quadcopters (mobile tags), which will make up a hybrid location sensor. Therefore, the detection provided by a mobile tag still constitutes a direct location estimation but, unlike in the case of permanent tags, their accuracy is variable and it is modelled as proportional to the velocity of the MAV's. As a consequence, those MAVs which will serve as mobile tags will have to stay still to be able to provide location accuracy. The use of this type of mobile tags leads to accuracy becoming a resource that MAVs can get and share to be able to slow down its degradation, and therefore, to accomplish their main task more efficiently. It could also allow some of the MAVs not to require visits to static tags, which are frequently non optimally located, in order to improve their location accuracy, being 'nourished' by mobile tags. The scenario was discretized to reduce computational effort as a 768 x 768 (square length units) non-toroidal square arena, which is provided with 4 fixed tags placed randomly. Figure 2 shows a schematic representation of a portion of the arena. Each MAV is associated to both a real and an estimated position. The former is shown with a solid color in the simulation and the later with a softened shadow of the MAV. The MAV has no idea of the real position, this is just an externally obtained value for display purposes. The further the distance between those positions, the higher the location estimation error and the lower the exploration level. Table 1 contains the specific parameters that define the scenario.
The final objective of the surveillance task is for the fleet of MAVs is to continuously cover the maximum possible area. In order to perform the search of unexplored areas, the MAVs can keep record of the areas they have already explored. This is stored in an 'exploration map' carried by each MAV and that can also be shared with others when they meet. The exchange of this information allows the task to be solved cooperatively since it enables the distribution of the search among the group of MAVs. However, since the estimation of one's position has a varying accuracy, the updating of the exploration map has to take that into account. The exploration of a cell is modeled as an exploration probability (P ex ), which indicates the probability that a certain cell has of having been explored. This probability (P ex ) can be directly calculated as the ratio between the size of a cell ( /-33 ) and the location error range ( 3A/ ) and is stored in the exploration map:
Subsequent MAVs must decide whether or not to reexplore that cell based on the guaranteed exploration probability P ex . Therefore, the collaborative exploration map is the only information that a MAV gets from the scenario about the surveillance process. The individual fitness for each agent increases each time it covers and unexplored cell. The global fitness for the multi-agent system, which must be optimized by the canonical EE algorithm, is the sum of exploration probability for all the cells j in the scenario:
It must be highlighted that the MAVs are not transparent to each other and can collide with others and with the walls. When a MAV collides, it loses part of its location accuracy. To avoid collisions, they are provided with an obstacle sensor which mimics an infrared ring that detects near obstacles.
Individual encoding
The control architecture for each agent is a multilayer perceptron ANN with three layers: one input layer with three neurons, one hidden layer with a configurable number of neurons and one output layer with one neuron. The first input is the current exploration capability of the agent, which measures the exploration capability and it is based on its location error. The second input provides the maximum attainable exploration in the surrounding areas and the direction towards it. The third input provides the distance to the closest obstacle (up to the sensing range of the sensor) and the direction towards it. The size of the intermediate layer will be varied for different experimental configurations to analyze the complexity of the behavior of the agent, from 1 neuron in the simplest case to 10 neurons in the one with highest complexity. The output of the neural network modulates the behavior of the MAV between four pre-learned basic behaviors, namely: move towards the most unexplored area detected, move towards the nearest tag, move against the closest obstacle and stay still to serve as a dynamic tag. These behaviors are individually selected for each time step, the frequency with which each agent will display each behavior will determine the agent species. The implementation of the canonical EE algorithm used here follows the pseudocode presented in section 2, while the specific values for the parameters are those shown on Table 2 . These values were selected according to the conclusions extracted from (Prieto, 2015) .
Results
This section will show the results obtained for different configurations of the scenario in order test how different variations both in the complexity of the individuals and in the complexity of the environment affect the outcome of the evolution. The complexity of the individuals has been modified by changing the size of the ANN which controls the MAV. The complexity of the environment has been changed in two ways. First, by including more or less permanent tags, which will make mobile tags more necessary (or indispensable if there isn't any permanent tag) as the number of permanent tags decreases. Second, the environment is also adjusted by modifying the impact of the collisions on the degradation of the accuracy of the MAVs, which will make their navigation more or less complex (from neglecting the obstacle sensor to rigorously avoiding obstacles).
To clarify the canonical EE response in this type of collective optimization problem, we will describe first the emergence of specialization in a representative run performed using the following experimental configuration: no permanent tags, an ANN with 4 weights (3x1x1) and no penalty for collisions. The top plot of figure 3 shows the evolution of the global fitness of the population during 20000 iterations while the bottom one displays the average number of species per iteration ( Q ). This number of species was calculated using the metric defined by the Davies-Bouldin Index (DBI) (Davies, 1979) applied to a k-means clustering algorithm. Since that metric does not consider the existence of a single cluster, an auxiliary species of ten individuals is always included in the data to be clustered. The number of species ( Q ) is obtained using the average of each possible number of clusters (from 1 to 10) weighted by the inverse of the DBI associated to them (all possible numbers of clusters), so that the strong discretization of the low number of species is avoided and the measurement is more accurate. To account for the inclusion of an auxiliary species the final result is obtained by subtracting one from the weighted average, that is:
The parameter provides a smoothing coefficient, the lower the coefficient the more discrete the result. Fig. 3 . Evolution of the global performance of the population (top) and average number of species (bottom) during 20000 evolution steps
As it can be observed in the top plot of figure 3, in this run, the population starts with low performance but it quickly achieves a successful global fitness level (less than 300 iterations). As demonstrated in several previous works (Prieto, 2010) (Duro, 2011) , a remarkable strength of EE is the achievement of satisfactory results after few time steps. The number of species also converges to a value around 2, which can be observed in the bottom plot of figure 3. The top plot of figure 4 shows the frequency of activation of each pre-learned behavior for the whole population, and the bottom one shows the individual fitness of each of the 40 individuals of the population. The coloring code is the same for all the plots in figure 4 and figure 5, which depicts individual parameters: red for those individuals with predominant become mobile tag behavior, green for exploring the surrounding area, blue for moving towards the closer tag and yellow for avoiding obstacles (although not present in this run since the penalty is set to zero). It can be seen in the top plot of figure 4 that up to iteration 8000, two main species have emerged: become mobile tag (red) and exploring the surrounding area (green). As shown in the bottom plot, being a mobile tag provides a higher individual fitness to the agents.
After around 8000 iterations, a period starts in which the population gets destabilized, which is something that happens often in a co-evolutionary process, and the global performance drops quickly (see figure 3 top). This run was indeed selected to illustrate both the dynamism of this type of evolution and the capabilities of the algorithm to recover from this period to achieve again a successful performance. As shown in the top plot of figure 4, in this unstable period, the number of species decreases to almost one since the mobile tag species (red) gets extinguished. Moreover, there is an increment in the go to tag species seeking accuracy (blue), but it is useless since there are no available tags any more. A few iterations before 10000 only explorers survived trying to use the little remaining accuracy to explore an environment which is becoming more and more uncovered. It takes the algorithm around 2000 more time steps of low quality individuals (all of them are condensed in a black line shown in the bottom part of the bottom plot of figure 4) to finally produce the two required species to successfully explore the environment and to rise the global fitness again to a successful level (become mobile tag and exploring the surrounding area).
Figure 5 contains a representation of the genes of the population along this evolution. To do so, each genotype is projected into two independent dimensions. Those individuals that live less than 100 time steps are depicted in black meaning that there was no time to consistently assign a behavior to them. As it can be observed in figure 5, during the instability gap (iterations 8000 to 12000), the genomes of the population expand along the genetic state space, producing a higher number of ephemeral species that, just before the recovery (iteration 12000), decrease quickly to converge again to a configuration of two main species. Figure 6 displays 6 plots where the correlation between performance and number of species has been studied for a set of configurations that vary the environment and individual complexities. The size of the neural network was set to 3x1x1 (4 weights), 3x2x1 (8 weights) and 3x10x1 (40 weights) and it is displayed in the top, middle and bottom rows in figure 6 . Moreover, the environment was set with and without permanent tags (left and right columns in figure 6), and with and without obstacle penalties (red and blue lines in all the plots). The data displayed in this figure were obtained after 5 runs of 20000 iterations each.
The comparison shows several aspects of this interaction between complexity and the outcome of the co-evolutionary process. In the case of a scenario without permanent tags and without penalties for collisions (left column, blue lines), as expected, the simplest controller (4 weights) tends to produce two or three species to optimize its behavior (peak value of the blue curve shown in top-left plot). If the number of weights of the ANN is doubled (middle-left plot, blue line) then we can see that efficient solutions can be found with several configurations of species, with a slight tendency towards one species configurations, which indicates a greater robustness and versatility. However, if we set an ANN with up to 40 weights (bottom-left top, blue line), we observe a decrease in the overall performance and now the system tends to avoid only one species configurations. After studying different runs with this configuration (40 weights), it can be seen that it is harder for the algorithm to find a solution, and also to converge to only one species in such a high dimensional search space, and that some of the runs provide poor performance. Fig. 6 . Correlation between performance and number of species for a set of configurations that vary the environment and individual complexities. Top plots correspond to 3x1x1 (4 weights) ANN, middle ones to 3x2x1 (8 weights) and bottom ones to 3x10x1 (40 weights). Left plots do not have permanent tags while right ones do. Finally, the red lines correspond to executions with obstacle penalties while the blue lines correspond to executions without them.
When we activate the penalties for collisions (left plots, red lines), there is a higher complexity for navigation, and consequently the performance is much lower for 4 and 8 weights (top and middle plots). However, in the case of 40 weights it does not seem to affect greatly, which indicates that, although this configuration is harder to adjust, it is less affected by the complexity of the environment. On the other hand, when the environment becomes simpler because the permanent tags are included (right column plots), the evolution, in almost all the configurations, tends to create only one species which is able to perform successfully. Again, if the penalties are included (red lines), the performance decreases but the tendency regarding the species remains the same. Finally, the controller with 40 weights becomes, again, much less affected by the penalties and exhibits also again a tendency to avoid one species configurations.
Summarizing, for this experimental setup an intermediate complexity of the ANN (8 weights) has shown to be beneficial both in terms of performance and in stability regarding number of possible species. Using complex individuals or very simple ones led to a more unstable response of the algorithm. In the case of the more complex controller it is more complicated to evolve, but it is less affected by the complexity of the scenario. Finally, simpler scenarios tend to create one species configurations for most of the controllers.
In terms of the response of the algorithm, its capability to adapt the behavior and structure of the population to different individual and scenario configurations regarding their level of complexity has been shown. The algorithm is able to take advantage from the heterogeneity of the population when it is required to achieve a good global performance by making use of the specialization, as it has been constantly observed in natural evolution in real ecosystems (colonies of ants, termites or bees). It also tends to simplify the structure of the population when the scenario is simple in relation to the complexity of the individuals due to the evolutionary cost of adjusting a large genome. Interestingly, if the controller shows a high complexity the algorithm fails to produce an efficient population in some runs but when it doesn't it is more robust to changes in the complexity of the task.
Conclusions
This paper has studied the impact of complexity in the emergence of collective solutions to distributed problems by means of an implementation of Embodied Evolution for a collective surveillance task with simulated Micro Aerial Vehicles. The algorithm used, canonical Embodied Evolution, has already been tested for several applications and has shown its capability to decompose a task into several subtasks and to improve performance by generating different species among the individuals of the population. This work has presented a first attempt to deepen in the mechanisms that affect the creation of those species when the whole population pursues a common goal. The study has shown a strong impact on the outcome of the algorithm of variations in the complexity of the definition of the problem at different levels, namely, the complexity of the scenario and the complexity of the individuals. In terms of the response of the algorithm, the algorithm has found efficient groups of controllers for different individual and scenario setups regarding their level of complexity. As in the case of natural evolution, which embodied evolution approaches mimic, the algorithm works with, and is able to take advantage of, heterogeneous populations when they are required to achieve a good global performance by making use of specialization. Our ongoing work, based on the results presented in this paper, is focused on including the number of parameters of the controllers as an individual evolvable parameter. The main goal will not be to obtain an optimal value for the size of the neural network of the whole population, since this can already be analyzed from the current results, but to study the dynamics produced when populations can be heterogeneous in both individual behavior and complexity.
